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FROM SYSTOLIC ARRAYS TO NEURAL ANETWORKS
BY

VALERIU BEITT

{1 Introduetion, With the advances made by technalogy it is clear that
parallel archileciare are flourishing and Lhat new solutions are being found
toimprove tieir already high performances. Talking about paratiel architecture
we have fo mention what has already been said @ Whenever a compuler de-
stgner has reached for a level of performance beyond that of his conlemporary
technology. parallel processing has been his apprentice” (IEEF Computer Sociely
Tutorial on Parallel Processing, R. F. Kuhn and DA, Padna, Eds., 1981).
The development of technology and the steps taken in neuroscience and com-
puter seience in the tast few vears have led fo a new and growing interest in
computational models based on NN (connectionist) models. These models
link animal brains and behavior with our knowledge about parallel compu-
tation and that on artificialintelligence (A1). The idea of looking directly al.
massively parallel realizations of intelligent activily promises Lo he [ruitful
for the study of hoth natural and artificial computation. The effort has been
directed loward the biological implications bul Lhere are also important rela-
lions compulational theory, hardware and software [FIillis 1987, Palm
1985, Parker 1978]) ‘ ’

In comparison with a computer, the hrain process the information quite
dilferently. ‘The human memory is distributed, and the notion of program is
of no use. Our knowledge and power of inference is due to many liny neurons
which are connected one to another: when we learn these interconnec-
tions are modified.

Much of the recent work on massively parallel computation has been
carried out by physicist [Hopfield 1986] and examines the emergent
behavior of large, unstructured collections of computing units.

Adaptation and learning arc treated as ways to improve structured
networks, not as a replacement for analysis and design [Feld man 1986].

Animal brains derive much of their power from their very large fan-in
and fan-out : each neuron can be connected to about 104 of other neurons.

2. Systolic systems. Although a SA or systolicsystem (88) can be
simply viewed as a set of interconnected Moore machines, the exact specifi-
cation is slightly complicated. Tn what follows ‘we will' quote from
[Leiscerson 1982] I : o

T The struclure of a S8 S(n) is given by a machine graph G=(V, E) of n
verlices inlerconnected machines where the verfices in V represent the machines
and the direcled edges i I represent inlerconnections between machines. The
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machines operale synchronously by means of a common clock, and time in the
system is measured as the number of clock eyeles. MUThe machines in Vare Moore
machines with the cxeeption of onc called the host which can be viewed as a Turing-
equinalent machine (if provides inpul to and receines owlput from the 553, To
the other machites in the system however, the hostlooks like just another Maoore
machine. i.e. signals cannot ripple through it. Based on the machine graph. the
neighborhood of « machine v <V is the sef of machines wilh whick it comnuunicales:

(1) Niegh(v)— {wj(r. wyel or (w, v) e I}

For S(n) to be sysiolic. il is jurther required that the Moaore machines be
small in the following sense. There musl exist constands o1, c2o 3 and el such
that for all 0 and all ve V' {host}

O < cl the number of slales of @ machine is bounded,
Ty | €2 the number of input symbols for « machine is b aunded,
0, | <c3 the number of outpul symbols for @ maghine is bounded.

| Neigh(v) | €l the number of neighbors of @ machine is bounded (i.c. the graph
has bounded degree).

These “smallness” condifions help quarantce thal the syslolic madel corres-
ponds in perforntance to a physical implementation. They ensure that as the
size of the syslem grows, the amount of hardware needed lo implement a given
machine remains the same. If the logic in an individual machine were lo grow
with the system size. the time required  for the logic to settle lo a stable ralue could
depend on the size of the system. Thus the measure of time in the model would
poorly rejlect the actual time required in a real implementation. With the smallness
condition, however, the amound of hardware required for cach machine remains
small as the system size grows, and hence the time nceded for « machine fo
change slale is independent of the size of the system.

The smallness condilion go a long way lowards ensuring that the number
of clockeyeles is a good measure of {ime in the systolic madel. .\ problem aiises
when the lime required {o propagate a signal belween machines becomes longer than
the lime required for the longest combinational-logic delay Mhrough « mochitte.
The period of the elock must be at least as long as the longest propagation delay
between machines, which means that the independence of the clock perivd from
the system size will not be realized for siystems with long interconnections. Forlu-
nately this effect is relatively unimportant for many inlegrated circuils lechno
logies as propagation delay is typically much shorler than swiching delayy. The
degree lo which the swilching delay dominafes propagation delay is a measure
of the success of the model.

SAs, which have only nearest neighbor connections. are especially allrac-
tive for VLSI because propagalion delay is insignijicant. The independenice of
clock period from the delay caused by many stages of comdinalional logic is tnwa-
lidated when Mealy machines are allowed in a system. Despite the polential for
rippling of signals from input lo oulpul, if isoften easier to design with Mealy
logic because global communication can be expressed more easily. For instance.
brodcasling, the most mean of global communications can be implemented by
letling a signal ripple throughout the system until il reaches all processois.

A semisysiolic system is exactly like a §S excepl that some of the machines
may be Mealy machines. All the other requirements of SS apply 1o semisystoli¢
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systems, but in addition. the outpul edges from Mealy machines may not form
a cyele in the machine graph, This constraint precludes the problens of unclocked
stale and oscillation which are associaled with feedback. No such requirement
is needed for oulpud edges from Moore nachines in a semisystolic systemn (see
Figure 1) because a changing input to « Moore machine cannol affect its nulput.

 PTOCEs SO0
Host
{ Turing
equivolent)
Moore Moore
Fig. ! — Semisystolic system implementing brodeast with Mealy muchines and grouping

o provessets.

Although the machine graph G gives a compulalional structure for ¢ systolic
or semisystelic system, il is often useful to organize groups of mnachines inty pro-
cessors. Depending upon the logical siructire of the system, one grouping might
be preferred ; for atl but frivial systems, scveral grouping are sure lo exisl.

Definition. .11 undirected bounded-degree graph H is « processor graph
for « systolic or semisystolic system S with machine graph G of n verlices if there
erists a constant ¢, independent of n, and a processor mapping 9 from the verlices
of G (machines) to the verlices of H (processors) such that

if (o, )G, then either Ov==0w or (v, dw) =1l and

ifweH, then | {viw=8v}|<c

In other words, the pracessor mapping 0 tells which machine compose which
processor. Two machines which are connected must either be in the same processor,
or be in adjacent processor according to the machine graph. To make sure that
the size of a processor is independent of system size. al most ¢ machines in the
machine graph may be mapped lo the same processor’.

3. Newral networks, In this paper neural node is a basic compulational
unit capable of accepting continwous valued inputs and oulputing the value
of some nonlincar function applied to the weighted sum of its inputs. 1}
(i1, Ps0eeny By) I8 the input vector the oulput is

(2) . O—_~2.'.|w,.ik +0
k=1

A network with Lwo hidden layers is oblained by constructing Lwo layers
of neural nodes ; the inputs to the first layer are inputs to the network, while
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the inputs lo the second layer of neur
laver. ‘The outputs of the second laver

al nodes are the outputs of the first
are combined by a single neural node

at 2 third Javer that only computes a linear combination of the sccond daye

outputs without nonlinearily.

11 is possible that cacit neural node be different not only in the weights
1w, but wlso in the nonlinearity function. Such a nelwork merely hmplements
a fanction from R™ 1o BR™ The interested reader can consilt @ Newral Networhs
1988, Lippmann 1987, Kekm iler 1988 for more detailed infermation,
It has been known for  a long time thal any computer program coultd he
simulaled by an appropriate NN [M e € Yoech 1965} In [C s benko
19881 @ theorem thal “conlinous palued NN with two hidden lagers and any
[ized continons sigmeidal nonlinearily can approximale any continous funclion,
arbilrarily wetl ont @ compact sel” is demonstrated, These results show that NNs
can “approximale” any program or hardware implementation if the nelwork

is sufficienily large.

§3. Comparison. We give a shorl comparison of SAs and NNs in whai
concerns Lheir similarities and differences as well as specific problerss which

can be implemented by SAs or NNs.

@ Simflarities :

® hiuh parallelism;

@ lhe clementary provessors (cells, nodes,
machines, pereeptrons,..) are very simple

@ typically every clementiary  processor
uses the same algorithm (or there are
few differcnt tvpes of processor algo-
rithwms) ;

@ only simultancous activalion (systolic
systems)or  fixed activation (delay
dependent  in lthe cuase of semisystollc
systems) ;

@ are special-purpose systems;

@ are Inexpensive ;

@ arc fault-tolerant ;

@ are very performant ;

@ the areas of problenis they can solve
are (at the time belng) quite simflur.

IMifferenees :

® SAs exhibit pipedine parallehso while
NNs iploment a distributed poralivlisi

@ NNs cells have only one ouiput ;

@ N celis use a noalinear fillering func-
tion ;

@ as dynamic propertivs the order in which

the cells are activated can be  fixed,

simultuncous or randont; ondy NNs
cells ean he randomly activated ;

NNs are not special-purpose systvins

i they are sufficiently large ;

@ NNs have unique features for learning
and adaption (learning can modily the
welghts as well as the topolegy of the
nelwork) ;

@ while 8As have simple regular and fixed
connections, NNs present very coinpli
cated and modificable tepologies :

@® SAs can easily be made fault-Lolerant
while NNs are intrinseeally faulttolerant
having a great degree of robustness.
NNs can deal even with unexpected
siteations and tmprove their " algorithm®
by adapting connection weights in time ;

@ SAs are mainly digital while NNs are
primarily aunleg (actually NNs are
slmutaled using Wigital cireuits hut in
the final stage of an implementation
the hardware should be analog) &

@ 5AS are impleniented with high sPccd
components to lower the ¢lock peried
NNs could be implemented even with
slower components ;

@ NNs will probably selve mar problems
if they can be made Lirze ciiongh ; SAS
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Specifle preblems for s Ay ¢

dictionary machines (for data bhased

@ ulgorithmsTon graphs ;

& malrin operations .

@ signal processing (convolution, corrclu-

tlo filtering, FEI';

@ cperations  on Gretegers and polynomfals
(divide, multipty, square, GCD

@ ision  (putlern  natching,  filteries,
alinsing, contour, thinning) ;

@ combinatorid optimlzation yfor example
with “statistical cooling™) ;

are from this polnt limited to our abilily
Lo V'systolize® classical algorithims ’

® ol the time being there are alredy NXs
sotutions for : knowledge represendution,
inference and expert svstem behaviar
which are not addressed by 5As,

specliie prablems for XNs ¢

@ knowledge data bise lor stochastic iufor
nution (asseciative memory..

@ potlern recognition

@ Dbrightuess perception ;

@ surlace interpolation

@ lovalizing cdges ;

@ loconmuotion (rebotic control  nsing self
organlzation) : )

@ specch recognition :

@ knowledge representation ;

@ iuference ;
@ oxpert system (decision making) ;
@ combinntorial optimization.

@ speech nnderstanding.

§5. The priority quene, Asavery poor example for NNs posibilities we
have choosen the classical priority quene {LLeise rson T982] (see Figure 2)
2] (s sure 2.

three- sorter
1
X X x? X x? X b
Host Y y! Y y? Y y’
Z rel ]
Z z -l 7 FEAN T
Fig, 2 -- A real-lime systolic priority queue

A priorily queue is a data structure that provides the abilily to insert
records into a set, and al any time Lo retrieve from the sel the l'L‘C:)I‘d having
the smrallest kev according lo some linear ordering, Thus the structure h::;
to llIlp]".?I“ﬂ(‘.IlL INSERT (Q, @) which replaces the set () with the set {a}‘
and }L,\l RACTMIN (Q) which returns the smallest element a of ) and 1'01;1“10(:;
¢ with Q/{u}. Priority queues are usually implemented in software, bul
a systolic solution is based on identicul processors, each capable of s(u’linu‘
tl_n'm: e}t-mcnls and thus called a three-sorter. The three-sorter has three inputs:
X, )r_, Z und produces three outpuls: 2, y', 2 representing the minimum
medmn_and maximum of the inputs (X, Y, ). ’
. Weare inlerested in a NN implementation of the three-sorter. The star-
ting idea is to compute the maximum of two numbers using the formula



380 VALERIU BEIU —

(3) max (a. b= { ¢ —b} +|a 5-bl32

‘This leads to the folowing implementation

max{g,b)

Fig. 3 — The most dlrect implementation of max {(a, )

1t may be seen that the artificial neuron marked with* is fulil; so the

network hecomes:

waxlab)

Fig. 4 ~ Optimized implementation of max {a, b)

"The same solution is also shown in [Lippmann 1987 }. Using two
identical networks we can implement max (g, b, ).

max (a,bcl

Fig. 5 — Implementing inax (a, b, ¢) with twe max (a, by networks

=
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'l‘ili R P‘“[i M | i 5 l “idl [ s b
5 Kt £ & Cl‘]lil”ll\' ['(H'l'l‘cl I i i [} numhber

l o ‘ ml 1l 15 noti i -“ 1
l)l le‘lii!('l']l neurones g i 1 l]]l. ()kl 5 .l’(osjlll(i]“ ]]li " |] t t t

5 & ¥ 5 U."i('(l. Lol 111 I.h(' I ' i 11, I i I ‘ lou pu
(”] il N:\ S“l.'h l)plillli/ﬁlti(”ls dare llqnc'llll\'“(il. ll.ll i ‘{ “ . ! l 'Uls( h B 3
lhl’ e lli\'hl(\llp L bR - . ’ L. ! ll]]] ()I'Lallc(l ; in h(‘ Case Lill{a
5¢ ] I H I . W ll.h ot b.\ l(.‘d as lU niinit l’nl'?,(' “1(‘, ’ dk 1:5\‘“) A more Sin]l)le

NULION Can I)(_‘ (]CI'!\ L‘d (“l‘(.‘(‘l l\' l'l'()nl max ((l b [') '

LIRLE)

1) AN (¢, b, o) =max [max (e, b.) Ul - =
b a ax {a, b e]=Jla+b g bl +2¢t Hla +-bpe-
L ! == 1 bb'
+la—b! ~2c|}/1

Phe resull s presented in the following figure

maxigbys)

Fig. & — "Newral* boplementation of equation {1

Again 1L I]ltls ce i H
o ]J(. S |3} '.]I t lh( clltﬂ]L] ﬂ n io la]k(.d lti ar
cu nsn W 1 € f“tll 3

maxla,bec)

Fig. 7 — Optlmal implementation of max (a, b, ¢)

In similar way we can obtain min (a, b, ¢) using
(5) min (¢, b, )=min [min (g, b), cl={lle+b} —ja—~b] +2¢] —|ju 4+-b] —|a—
—b] —2¢[}4

which ts pr i i
presented in the next figure. For med (a, b, ¢) we can use

6 ~ Malemaiica
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minlob.c)

Fig. 8 - The network with modifled welghts for computing min (e, b, ¢}
(6) med {a, b, ¢)= {a, b, c}{{max (a, b, ¢}, min (a, b, &)}

Computing the weights now leads, after summations, to

7
4

¥
X
N
rf“iﬁ

AN
A
0‘

4

med{a,b.c}

Fig. 9 — Neural network for med {a, b, ¢)

The final implementation of the three-sorier, using artificial neurons
is shown in figure 10. 1t is not a three layer solution, but using »’ pass neurons”
we can derive one (see. Figure 11).

It has be mentioned that this mode of design is nol al all specific for
NNs: the weights have been computed from formulas while the usual way
implies the use of an adaption algorithm and « training sequence to compute
these weights. This *reverse engineer” design can only be made for very smnail
portion of a NN, as in our case.

The result is functionally equivalent with a three-sorter: the NN from
figure 11 has been simulated with success using NeuroSim [Beiu 198%a,
Beiu 1989b]
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maxiob ¢}

medlobel

v{
\Q’\)\'

0\
(.
b}'
i

min(abc)

|

/I,

Tig. 10 — A possible three-sorter

G. Conclusiens. On a particular example it has been shown that it is
nossible 1o reverse engineer a NN. The results have been simulated an proven
10 be correct. We are currenily working at a specific NN implementation of
1he priority queue which if successful will prove the fact that specific NN solu-
tions are inore efficient than the one we have presented.

Il seems likely that the massively paraliel computational solutions evolved
by nature will prove useful in compuler science and engineering.

Also il is much too early lo be certain, it appears that structured NN
models conld lead to major advances in our ability to automate complex tasks,
such those of Al
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b min(g,bg }
CONNECTION WEIGHTS
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Mi6 F0.25] 0.5 |-0.25 025] 05 | 025
N17[-0.2% 0.zs 0% [-025] 025-0251-0.25

Fig. 11 — Three layer thvee-sorter derived from figure 10

11 FROM SYSTOLIC ARRAYS TO NEUTRAL NETWORKS ) Kih)

odtopiield oDl Tank. D Wo — Campiting with Nevral Cirenits © A Model, Scienee
DAFATEL 625632, Ang. 8 1984,

& MceCGulloch, Wos Pitts, Woll.— A Logical Calettins af the Tdeas Tmminent in Nervonus
Letinity, Bull. Math Biophys. 500940, 115~ 133 (reprinted © McGulloch W. §..
Frihodimenls Miid, MIT Dress, Cambridyee. Moss,, 1063),

Loleiseron G Do~ Area-bfficeint VIST Compattation, The MIT Press, Cambridge, MA.,

1982,

. Lippmann, It P. — An fatroduetion Compuling with Neural Neis, TERE ASSP M-
gazine. B2y =220 Apr. 1987,

1. Palm, G Assacialine Networks and Their Informalion Storage Cay acity, Cognilive Syst,
1.2, June TO85, 107-118.

12 Parter ). B, — Learning-logic, Tech. Dep. 47, Center for Compulastional Research in

Feonendes and Management Selence. MIT, Cambridge, Mass., Apr. 1078,
13, ¥#&sies, Neural Networls, The Oificial  Journol of the International Neural Network
Society, 1988,

Deeepued 15V 1259 Palytechiie Instifidte of Duocharest
Neparfment of Compruifer Seience
Srt. Independentel No 313, Sector 6

77204 Bucharesl, Romdnia



